A new concept named volatility monotonous persistence duration (VMPD) dynamics is introduced into the research of energy markets, in an attempt to describe nonlinear fluctuation behaviors from a new perspective. The VMPD sequence unites the maximum fluctuation difference and the continuous variation length, which is regarded as a novel indicator to evaluate risks and optimize portfolios. Further, two main aspects of statistical and nonlinear empirical research on the energy VMPD sequence are observed: probability distribution and autocorrelation behavior. Moreover, a new nonlinear method named the cross complexity-invariant distance (CID) FuzzyEn (CCF) which is composed of cross-fuzzy entropy and complexity-invariant distance is firstly proposed to study the complexity synchronization properties of returns and VMPD series for seven representative energy items. We also apply the ensemble empirical mode decomposition (EEMD) to resolve returns and VMPD sequence into the intrinsic mode functions, and the degree that they follow the synchronization features of the initial sequence is investigated.
Introduction
Financial markets have a large number of participants. With the continuous financial innovation, more and new financial instruments have made investors have more investment choices. However, financial markets can bring higher returns to investors, they also face corresponding risks [1] . Especially with the globalization of the economy, notional governments are opening up security markets, and financial markets of various countries began to interact and influence each other. In addition to the emergence of various new derivatives, more and more risks appeared in security markets. Therefore, the importance of studying the price fluctuation of security markets became more and more obvious and became one of the important issues in financial market researches. The Security market is often considered as a complex system exhibiting many nonlinear and complex characteristics [2, 3] . As an important part of the security market, the relevant characteristics of energy market have recently attracted widespread attention. Oil has a major impact on economic and political developments, especially on international energy markets [4] . For the past few years, a lot of valuable researches have been conducted on oil prices, including relationship between oil prices and stock markets from different regions [5] , multiscale entropy analysis of crude oil price dynamics [6] , and forecasting of crude oil price with neural networks [7] , etc. Among them, the exploration of return volatility dynamic is a significant subject for investors and decision makers, because it is a matter of great account in evaluating risks, modeling market dynamics and enabling portfolios to be optimized [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] [18] [19] . Specifically, investors (ApEn) [38] and sample entropy (SampEn) [37] . Compared to ApEn and SampEn, FuzzyEn has many advantages. Furthermore, Chen et al. [43] extended FuzzyEn method to cross-fuzzy entropy in order to compare two different time series, and it is relatively consistent and less dependent on record length in measuring regularity and asynchrony of time series. The idea of using entropy concepts to analyze time series of financial and economical markets is widely accepted. Darbellay and Wuertz [44] analyzed several sets of financial time series and proved the validity of the entropy method. Risso [45] used entropy to quantify market efficiency of the stock markets. Another complexity analysis method is complexity-invariant distance (CID) [46, 47] , which has been applied in measuring comparability between two time sequences. On account of the above considerations, we put forward a new method called the cross CID FuzzyEn (CCF), which is composed of cross-fuzzy entropy and complexity-invariant distance to calculate the synchronization for two time series of the same length. Introducing the CCF analysis to seven representative energy items, the synchronization properties of returns and VMPD series are compared an analyzed. Then we apply the ensemble empirical mode decomposition (EEMD) [48] [49] [50] to resolve returns and VMPD series into the intrinsic mode functions, and the degree that they follow the synchronization features of initial sequence is investigated.
The main contributions of this paper include the following aspects. One is that a new idea of volatility monotonous persistence duration (VMPD) time sequence is put forward to investigate the energy market fluctuation behaviors from a new perspective. The other is that a new nonlinear estimate method -the cross CID FuzzyEn (CCF) composed of cross-fuzzy entropy and complexity-invariant distance is put forward, and the CCF analysis is applied for seven actual representative energy items to investigate the synchronization features of returns and VMPD series. Lastly, the EEMD algorithm is used to resolve the returns and VMPD sequence into the intrinsic mode functions to further investigate the corresponding synchronization behaviors. This present work can provide new insights into the price volatility dynamics.
The layout of this paper is detailed below. Section 2 shows the definition of the VMPD series. Section 3 illustrates the data sets that are adapted in this work. In Section 4, we observe the powerlaw distribution and the autocorrelation characteristics for the energy VMPD sequence. Section 5 investigates the complexity synchronization of VMPD series and intrinsic mode functions (decomposed by VMPD series) for different energy items. Finally, Section 6 gives the conclusions.
Mathematical Concept Description of VMPD Series
We here introduce a new kind of statistic called volatility monotonous persistence duration (VMPD) series {V(t)} for return series {R(t)} (t ∈ {1, 2, · · · , N}) into the energy markets to study the security fluctuation with a novel perspective, and the composition of the new sequence is shown below. Use P(t) to represent the daily price of an energy item for every business day t, and let R(t) represent the return of the prices which is calculated by R(t) = ln P(t) − ln P(t − 1), and |R(t)| be the corresponding absolute return. At each trading day t, we will consider the absolute return of the following day |R(t + 1)|:
(i) If |R(t + 1)| < |R(t)|, the volatility sequence is thought to be locally falling at day t. Then we define the length of continuous growth I(t) at day t, namely
(ii) If |R(t + 1)| > |R(t)|, the volatility sequence is thought to be locally rising at day t. Then we have define the length of sustained descent I(t) at day t, namely
(iii) Specifically, when|R(t + 1)| = |R(t)|, we assume that I(t) = 0.
(iv) Let ∆|R(t)| max = |R(t + I(t))| − |R(t)| denote the maximum fluctuation difference, in other words, it is also the largest growth or decline during the continuous variation length I(t). Schematic diagrams of I(t) and ∆|R(t)| max are shown in Figure 1 . (v) Then, the VMPD sequence {V(t)} is defined by:
It's worth noting that when I(t) = 0 or |R(t + 1)| = |R(t)|, we define V(t) = 0. Thus, V(t) unites the maximum increase/decrease ∆|R(t)| max and the continuous growth/descent length I(t), which describes the volatility monotonous persistence duration at each trading day t. The proposed idea provides a novel study approach and research perspective on fluctuation behaviors of energy markets. Figure 1 well illustrates the VMPD sequence of the crude oil WTI futures in 40 trading days. 
Basic Statistical Description of Data Sets
In this paper, seven daily closing data of prices for energy items from three energy markets are considered: crude oil WTI futures, crude oil WTI spot, heating oil futures (they are from New York Mercantile Exchange); together with crude oil Brent futures, crude oil Brent spot, London gas oil futures (they are from Intercontinental Exchange); and Shanghai fuel oil futures (it is from Shanghai Futures Exchange). These abbreviations for energy data are listed in the previous section of the article. The unit of price for crude oil is barrel, the unit of price for fuel oil is gallon, and the unit of price for gasoline is metric ton. The lengths of the seven data sets are the same, from January 2010 to July 2018 with about 2001 data points respectively. This choice was made for the following reasons. Firstly, as an important part of the energy market, energy futures market has the advantages of low transaction cost and no restriction on short selling. It is often able to reflect the price information of the energy market in a timely and accurate manner. However, the high leverage of energy futures market makes the energy futures market face greater risks than the spot market. Therefore, the study of oil futures and spot price fluctuations is of great theoretical value and practical significance for preventing the risk of energy price fluctuations and promoting the stable development of the energy market. Secondly, the energy futures market is based on oil futures products, and oil futures has the functions of price discovery, hedging and risk avoidance. The Brent crude oil futures in the north sea and the west Texas light crude oil futures in the United States are the benchmark for international oil pricing, while the Shanghai fuel oil futures is currently an important product in China. Other energy products selected in this paper are also based on the consideration that they are important indicators of their respective energy markets. Figure 2 shows returns R(t) and VMPD series V(t) for these different energy data. For the crude oil WTI futures and the crude oil Brent futures, the shapes of R(t) and V(t) are exactly alike with the shapes of the series for their spots. The extreme values of VMPD sequence are concentrated in the interval [−0.2, 0.2].
From Table 1 , it can be seen that the average value of each energy item is close to 0, the kurtosis coefficient is greater than 3, and the skewness coefficient is significantly not 0. This indicates that these different energy futures and spots are not subject to normal distribution, and have characteristics of excess kurtosis and fat tail [51] . The results of K-S statistics also prove this conclusion. In the K-S test of this paper, the significance level is 5%. In Table 1 , we can see that the null hypothesis is rejected, because all the test logic values H = 1 are returned and the value of JB statistics of each data group is higher than the critical value 5.96 under the significance level of 5%, indicating that the test data does not conform to the normal distribution. In addition, it can be seen from the standard deviation of these seven time sequence that the New York Mercantile Exchange has the strongest degree of fluctuation, while the Intercontinental Exchange is the weakest. 
Statistical and Nonlinear Behaviors of Return Series and VMPD Series
Recent empirical studies on security time series indicate that there exist some common features in different security markets [23, 29] , including excess kurtosis, fat tails [30] , and absence of autocorrelation [32] . In this section, we use several statistical and nonlinear approaches to investigate if the proposed VMPD series V(t) of the energy data sets mentioned above have these properties.
Probability Density Distribution
In Section 3, we verified that the return series R(t) and the proposed VMPD series V(t) for the energy items have characteristics of excess kurtosis and fat tail by using some descriptive statistics and K-S test. In this part, we will further investigate the probability density distributions (PDF) for R(t) and V(t) with the help of intuitive graphs. Logarithmic plots of probability density distributions for these time series in comparison with the Gaussian distribution are presented in Figure 3 . The patterns obtained by kernel density estimation reveal that R(t) and V(t) for the energy items deviate from the Gaussian and exhibit excess kurtosis and fat-tail distributions. 
Power-law Behaviors
According to the above research, since the R(t) and V(t) sequences do not obey the normal distribution, while Gabaix et al. [52] show that the power-law distribution is used to describe distribution of tail data of real financial market volatility related time series, such as the volatility of stock price and volume, and the formula f (x) = βx γ can fit the tail distribution well, where γ represents the power-law exponent and β is a constant [53] . We will test if tails of absolute return series |R(t)| and absolute VMPD series |V(t)| obey the power-law theory. Figure 4a ,b display the plots and log-log plots of cumulative distributions of absolute return series |R(t)| and absolute VMPD series |V(t)|. Figure 4 exhibits that |R(t)| and |V(t)| series for the energy data from diverse markets have parallel tracks of cumulative distributions. It is clear that for both |R(t)| and |V(t)| series of these analyzed energy data are all below the normal distribution, which illustrate that they have fat tails. Moreover, the tail of each curve is close to a straight line, which indicates that the tails of all data obey the power-law distribution. All time series are fitted with the last 10% data, and Table 2 shows the estimation values of γ and β. From Table 2 , we can see that the values of exponent parameter γ are basically around −3, and the absolute γ value for |R(t)| series is bigger than that for |V(t)| series in general. It is noted that the R-square values are all over 0.95, which shows that the tails of energy |R(t)| and |V(t)| series can be fitted by the power-law formula. 
Autocorrelation Analysis
In this part, we adopt the autocorrelation approach [54] to explore the possible long-term correlation of return series R(t) and proposed VMPD series V(t) for the energy items. The autocorrelation function is defined as follows [55] A
where X t is the returns or the VMPD series of energy items,X is the mean of X t , N represents the length of X t and k is called the time lag. Figure 5 displays the autocorrelation functions of R(t) and V(t) of energy data sets related to distinct time lags. The red dashed locates in each graph stand for the 95% confidence interval. For R(t) and V(t), the ACF values stay in the 95% confidence interval as the time lag grows, that is, the autocorrelation of each time series gradually disappears with the increase of time lag, which indicates that future data is independent of historical data for R(t) and V(t). The absence of autocorrelation for returns series R(t) at large time lag suggests that the weak-form Efficient Market Hypothesis (EMH) may support these energy markets in the long run, and investors may not be able to use the technical means to gain profit-making opportunities [56, 57] . For |R(t)| and |V(t)|, the two inset graphs exhibit that the shapes of autocorrelation function are parallel. They firstly decay slowly, and then go up as the lag value increases. In the end, nearly all the ACF values are in the 95% confidence interval. This is consistent with the empirical fact that security markets do not exhibit any significant autocorrelation. 
Complexity Synchronization of Return Series and VMPD Series
For purpose of measuring the synchrony of energy markets in a new way, a novel nonlinear method called the cross CID FuzzyEn (CCF) composed of cross-fuzzy entropy and complexity-invariant distance is firstly proposed in this paper. Implementing CCF analysis for seven representative energy items, synchronization properties of returns and VMPD series are compared and analyzed. Also, we introduce the ensemble empirical mode decomposition (EEMD) algorithm to resolve returns and VMPD series into the intrinsic mode functions, and the degree that they follow the properties of initial sequence is investigated.
Mathematical Description of CCF Analysis
Entropy has been widely applied as a measurement of complexity. Fuzzy entropy (FuzzyEn) [39, 40] evolved from approximate entropy (ApEn) [38] and sample entropy (SampEn) [37] . It uses the exponential function and its shape to define the similarity of vectors by introducing the fuzzy set. A lot of work has shown that FuzzyEn is better than ApEn and SampEn on reflecting regularity and similarity of time sequence. Furthermore, Chen et al. [43] extended the FuzzyEn method to the cross-fuzzy entropy so as to compare two different time series and evaluate their pattern synchronization degree. The cross-fuzzy entropy is relatively consistent and less dependent on record length in measuring regularity and asynchrony of time series.
For two N-sample time series {x(t), t ∈ {1, 2, · · · , N}} and {y(t), t ∈ {1, 2, · · · , N}}, the cross-fuzzy entropy (C-FuzzyEn) is constructed as follows:
(a) Given the embedding dimension m, we can define m-dimensional sequence vectors X m (i) and Y m (i) as follows
where x 0 (i) and y 0 (i) denote the average of series segment, that is
(b) d m (i, j) represents the distance between vector X m (i) and vector Y m (j)
The degree of synchrony D m (i, j) can be defined by fuzzy function µ(d m (i, j), n, r)
(d) For all 1 ≤ i, j ≤ N − m + 1, we work out the mean values of D m (i, j), given by φ m (n, r)
(e) Finally, we can calculate the C-FuzzyEn of two time series {x(t)} and {y(t)} as
(f) N is finite, then the C-FuzzyEn(m, n, r) can be obtained as C-FuzzyEn(m, n, r) = ln φ m (n, r) − ln φ m+1 (n, r).
The parameter m represents the embedding dimension, n is the gradient of boundary, and r is called as the width. In the following empirical analysis, m and n are set to be 2.
Complexity-invariant distance (CID) [46, 47] has been widely applied in measuring complexity differences between two time sequences. The calculation steps are as follows: For two time series X = {x(t), t = 1, 2, · · · , N} and Y = {y(t), t = 1, 2, · · · , N} with the same length of N, their complexity-invariant distance is given by
where ED(X, Y) is the Euclidean distance of X and Y, which is calculated by
and CF(X, Y) is a complexity correlation factor calculated by
CE(X) and CE(Y) are the complexity estimates for X = {x(t)} and Y = {y(t)} respectively, which are shown as follows
The cross CID FuzzyEn between {x(t)} and {y(t)} is defined by CCF(x, y) = C-FuzzyEn(x, y, m, n, r) × CID(x, y).
The corresponding correlation coefficient between {x(t)} and {y(t)} is given as
It is worth noting that the CCF value measures the synchronism between two time series of the same length. To sum up, the lesser the CCF value is, or the bigger the CCF correlation coefficient is, the more synchronized the two time sequences are.
Mathematical Description of Ensemble Empirical Mode Decomposition
Empirical mode decomposition (EMD) [48] , is a fully adaptive method so as to study nonlinear and non-stationary properties of time series. A signal is decomposed step by step into fluctuations or trends of different scales (frequency), and then produce a series of intrinsic mode functions (IMFs) and a residual sequence. The residual sequence is monotonic or average, which can represent the long-term trend or average state of the initial time sequence, and IMFs represent the distinct scales and produce adaptive data. An IMF sequence has two characteristics: (i) The difference between the extreme points of the time series and the zero crossings is less than or equal to 1; (ii) At every moment, the mean of the maximum envelope (upper envelope) and the minimum envelope (lower envelope) must be zero.
EMD decomposition is prone to modal aliasing. The ensemble empirical mode decomposition (EEMD) is a noise-assisted data analysis method proposed for the shortcomings of the EMD method. Wu and Huang [49] introduces white noise into the signal to be analyzed. The spectrum of white noise is uniformly distributed, so that the signal is automatically distributed to the appropriate reference scale, which complements some missing scales and has good performance in signal decomposition. The algorithm steps of EEMD are as follows:
(a) Add a white noise sequence n m to the time series x in the m-th test x m (t) = x(t) + n m (t). (19) (b) Use the same algorithm as traditional EMD [48] to resolve x m into IMFs c j,m and residue r
(c) Repeat Procedure (a) and Procedure (b) for a pre-set value M of tests, and apply distinct white noise sequences which have the same amplitude every time. (d) Work out the mean value as the final IMFs, which is given by
In order to better illustrate the above algorithm, Figure 6 shows the flow chart of the EEMD method. Figure 7a,b show the decomposition results of R(t) and V(t) of WF by the EEMD algorithm. The plots show five IMFs (IMF1 to IMF5) and one residual. Figure 7c 
Empirical Study for Complexity Synchronization
We apply the CCF approach to study the complexity synchronization feature of returns and the VMPD series for different energy items. WTI crude oil and Brent crude oil are chosen as references for comparison with other energy data. Figure 8a ,c show the graphs of CCF values and correlation coefficient of returns and VMPD series for WF and WS with other energy items related to different values of r, where m = 2, n = 2 and r is set from 0 to 0.5. From Figure 8a , we observe that the figure of WF returns with HF returns remains in the lowest part, while the curves for WF returns with futures of other exchanges stay in the higher part. This shows that the synchronization of WF returns with the futures return series of its own market is higher than that of WF returns with the futures return series of other market. It is worth noting that the CCF curve between WF and BF is located below that between WS and BS, which indicates that for the WTI crude oil and the Brent crude oil, the synchronization between futures returns is greater than that between spot returns. The results in Figure 8c are similar to those in Figure 8a . For all the VMPD series, we can see that CCF values reduce as the parameter r rises, and tend to be stable in the end, that are semblable to the results of return sequence. In Figure 8c , the curve of WF with HF for VMPD series also remains in the lowest part. We can also conclude from Figure 8c that for VMPD sequence, the WF is the most synchronized with the HF that belongs to the New York Mercantile Exchange, and the WF has the weakest synchronization with the LF that belongs to the Intercontinental Exchange. Figure 8b ,d demonstrate the plots of CCF values and correlation coefficients of returns and VMPD series for BF and BS with other energy items for different values of r. In Figure 8b , the curve of BF returns with LF returns remains in the lowest part, and the curve of BF returns with SF returns stays in the middle. And different energy return series appear obvious clustering behaviors in the CCF method graphs in terms of their markets. We may draw a conclusion that BF returns has the strongest synchronization with LF returns which belong to the same exchange as BF. The general trend and spatial distribution of each curve in Figure 8d is roughly the same as the curve in Figure 8b . As for the VMPD series of BF, the distance between each curve in Figure 8d is closer, and as the value of r increases, the gap between them decreases, and finally they are almost intertwined. Tables 3 and 4 exhibit the CCF correlation coefficients of each returns and VMPD series pairs, respectively. It can be seen that nearly each correlation coefficient of VMPD sequences in Table 4 is smaller than those of returns in Table 3 , which indicates a weaker correlation between the VMPD sequences. Next, we decompose returns and VMPD sequences of different energy data into corresponding IMFs by applying the EEMD algorithm to explore whether IMFs have analogical complexity synchronization behaviors as initial security time sequence. Figure 9a ,b exhibit the CCF values of IMFs of WF returns and WS returns with other energy items. Figure 9c,d show the CCF values of IMFs of WF and WS for VMPD series with other energy items. IMFi (i = 1, 2, · · · , 5) represents the ith IMF. In Figure 9 , all the curves are smoother and have almost the same order as the curves in Figure 8a ,c. This indicates that IMF1 and IMF2 retain most of statistical characteristics of the initial time sequence. In general, the IMFs obtained by the EEMD method partly have the complexity synchronization properties of the initial sequence, while the IMF1 and IMF2 sequences retain most information about the original sequence. 
Conclusions
The study of return volatility for energy markets is extremely important in quantifying ventures and optimizing portfolios. The volatility monotonous persistence duration (VMPD) time sequence is firstly introduced into the research of energy markets to describe the security fluctuation behaviors from a new perspective. We adopt seven kinds of energy data including futures and spot from various markets, and the statistical properties and complex synchronization behaviors are studied. The price formation of economic market is the result of the complicated action of many factors, and entropy is an index of pattern diversity in time series. Based on fuzzy entropy and complex invariant distance, we construct a new method to measure complexity synchronization of VMPD series and return series for energy futures and spot. The main conclusions of this paper are as follows.
The VMPD sequence unites the maximum fluctuation difference and the continuous variation length, which is regarded as a novel indicator to evaluate investment risks. The range of changes in energy futures and spot prices may affect the investment attitudes of market participants, as drastic price changes may bring investment risks, thus making some market traders tend to adopt a more conservative attitude. Since VMPD quantifies the intensity of continuous volatility series, it can provide investors with short-term volatility trend, which is of great significance for investors to judge the risk level in the future.
Further, we observe two important statistic and nonlinear characteristics for the energy VMPD sequences: probability distribution and autocorrelation behavior. Empirical results show that return series and the VMPD series for the energy items exhibit excess kurtosis, fat-tail distributions, and absence of autocorrelation, specifically, the probability distribution is very well drawn by the power-law function.
Moreover, a new method called the cross CID FuzzyEn composed of cross-fuzzy entropy and complexity-invariant distance is firstly proposed in this paper. Implementing CCF analysis for seven representative energy items, the synchronization properties of returns and VMPD series are comparatively studied. It is shown that both return series and VMPD sequence gradually appear more synchronous with the width r increasing, and various energy return series present obvious clustering behavior in accordance with markets.The synchronization between futures series is greater than that between spot series, for WTI crude oil and Brent crude oil.
Then we apply the ensemble empirical mode decomposition (EEMD) to resolve returns and VMPD sequence into the intrinsic mode functions, and the degree that they follow the synchronization features of initial sequence is investigated. The empirical analysis reveals that the resolved data maintain some statistical and linear properties of initial energy time sequences.
All in all, based on the new volatility statistics and the proposed method of measuring complex synchronicity, we have done a large number of statistical and complex analyses of oil futures and spot data in several energy markets. As an emerging energy market, China energy futures market, just like mature energy futures markets in Europe and America, is a complex nonlinear system, and traditional theories and methods cannot effectively reflect the complex nonlinear dynamics characteristics. This paper provides a new perspective to describe volatility behaviors of energy markets, which is expected to be a new indicator to avoid risks. Compared with the return series, VMPD sequence has both commonness and difference, and it can describe the volatility behavior of energy futures and spot from a new angle, which is conducive to quantifying risks. For China, an important oil importer, it is necessary to establish a sound oil futures and spot market. This paper aims to provide a new reference for the managers and participants in the securities market. In terms of energy portfolio risks, in the short term, we should focus on the extent of continuous price rise (or fall) and continuous fluctuation duration in the energy futures and spot markets, so as to prevent and deal with the risk price fluctuation more effectively. Specifically, the significance lies in two aspects. Firstly, VMPD can reasonably describe the market fluctuations, guide investors to conduct optimal investment behavior, help investors avoid market risks, and obtain direct economic benefits. Secondly, it can provide a new perspective for financial researchers to explore energy market fluctuations, so as to provide some desirable guidance for the establishment of national macroeconomic policies. It can be seen that the research in this paper can not only bring practical economic significance and value, but also meet the development needs of social and economic construction.
In the process of measuring the reliability of the newly proposed statistics, we proposed a new method to measure the complexity synchronization. The new CCF method is valuable and can be applied to many aspects of fields, such as the comparison of different market products and the relationship of oil price and stock price. The new concept of VMPD series and the novel approach of measuring complexity synchronization can make the research on the fluctuation behaviors of energy markets be more abundant to a certain extent.
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